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ABSTRACT

IMPACT OF CARE FOR LIFE-MOZAMBIQUE’S CYCLONE RECOVERY PROGRAM

Anna Osguthorpe
Economics Department
Bachelor of Sciences

My research is primarily an impact evaluation of the cyclone recovery efforts of the nonprofit organization Care For Life, based in Beira, Mozambique. I determine the causal effects of
this program on business creation and several inputs to health (serious sickness, improved
latrines, meals per day, and access to a vegetable garden). The treatment intervention consists of
Care For Life workers providing mosquito nets, water purification, and soap, improving
available latrines, and providing gardening materials (seeds, fertilizer, hoes, and watering cans). I
analyze the effect of this treatment on five different outcome variables chosen because they are
deeply affected by cyclones. To reinforce my selection of covariates in my regression analysis I
use two supervised machine learning techniques. I find that Care For Life’s intervention has no
statistically significant effect on any of the key outcome variables I measure.
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2
Introduction
In March and April 2019, two extreme cyclones made landfall in Mozambique: Idai was
over Mozambique from March 14th-21st and Kenneth from April 25th-29th. My research
concerns the cyclone recovery program conducted by Care For Life in the village of Nazare,
Mozambique in the months immediately following these cyclones.1 My analysis compares five
key outcome variables before and after the intervention by Care For Life.
The cyclone recovery program is randomized at the household level and focuses on five
primary objectives: limiting serious sickness,2 sanitation, nutrition, gardening, and business
creation. Care For Life chooses these objectives because cyclones are notoriously hard on
sanitation systems, population health, and economic productivity both inside and outside the
home. The five objectives are very relevant to cyclone recovery and I consequently use them as
my key outcome variables as well. The treatment intervention consists of Care For Life workers
providing mosquito nets, water purification, and soap, improving available latrines,3 and
providing gardening materials (seeds, fertilizer, hoes, and watering cans). There is no indication
that educational training on how to use these materials is provided with treatment. These five
primary objectives are consequently closely related to the outcome variables of this study.

1

I am not employed by Care For Life nor have I visited the village of Nazare. Care For Life conducted their intervention,
students from the Universidade Pedagógica Moçambique independently collected the data, then Care For Life passed on
their documentation and data collection materials to me.
2
This includes people with a long-term or life-changing illness (ex. Malaria or HIV/AIDS is included, but not a common
cold).
3
I analyze the presence of “improved latrines” meaning that the latrine is something better than a simple hole dug in the
ground with a barrier to protect privacy. Almost all households in the study had at least a simple latrine at baseline. The
most common form of an improved latrine in Mozambique is a latrine slab placed over existing traditional latrines or over
newly excavated three-meter pit latrines.
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Figure 1- Intervention Timeline
March 14-15,
2019
Tropical
Cyclone Idai
makes landfall
near Beira,
Mozambique

November 2019
Baseline data
collected, mosquito
nets and water
purification tools
distributed

April 25, 2019
Cyclone
Kenneth hits
northern
Mozambique

February - March
2020
Gardening starts

January February 2020
Home and latrine
construction starts

July - August 2020
Post-data collected

June 2020
All treatment
distribution
finished

The timeline (Figure 1) shows the progress of the intervention. The key outcome
variables I analyze are closely related to the different parts of the intervention shown above.
Care For Life’s intervention is uniquely compelling because it is multifaceted and
participant-led, which are rare attributes in non-profit organizations and particularly so in
Mozambique. Care For Life offers help in eight focus areas and allows village leaders to choose
which of these they want help with. This means that Care For Life addresses multiple aspects of
a village’s standard of living simultaneously. In addition, village leaders are active decisionmakers in the cyclone recovery program which gives Care For Life’s intervention a unique
participant-led structure. International development organizations generally recommend
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multifaceted disaster recovery programs to improve community resilience.4,5 Similarly,
international organizations recommend “genuine participation of people affected” in all aspects
of the recovery effort to promote disaster recovery.6 However, this support for multifaceted and
participant-led development interventions is relatively unsupported by concrete studies of nonprofit organizations that actually implement such programs. I do not isolate the effect of Care For
Life’s program in contrast to an otherwise identical program that is not multifaceted and
participant-led. Nevertheless, my analysis of Care For Life is an interesting review of a
multifaceted, participant-led disaster recovery program.
My central method is a differences-in-differences analysis computed with an OLS
regression. I compare the results of regressions with no covariates, all available covariates, and
certain selected covariates that I believe are most relevant to the effect of treatment on the key
outcome variables. See Table 1 for a list of these selected covariates. My data set includes more
than one hundred potential explanatory variables, so I also use machine learning techniques to
reinforce my decisions on which covariates to include in my regression analysis (see Appendix
C).
Based on my regression analysis, I find that Care For Life’s intervention has no
statistically significant change on any of the key outcome variables I measure.

4

Moatty, Annabelle, Jean-Christophe Gaillard, et Freddy Vinet. "Du Désastre Au Développement - From Disaster
to Development: Les Enjeux De La Reconstruction Post-catastrophe." Annales De Géographie 126, no. 714 (2017):
169-94. Accessed March 31, 2021. doi:10.2307/26642297.
5
International Association for Community Development. (2016). An IACD position statement: Community
development and the UN Sustainable Development Goals (SDGs). Retrieved July 4, 2017, from
http://www.iacdglobal.org/wp-content/uploads/2017/01/Postion-statement-on-SDGs.pdf
6
United Nations. (2015). Transforming our world: The 2030 Agenda for Sustainable Development. Retrieved July 4, 2017,
from https://sustainabledevelopment.un.org/content/documents/21252030AgendaforSustainableDevelopmentweb.pdf
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Data
My data comes in the form of survey data at the household level. Surveys are taken
immediately following the cyclones (baseline), and then immediately following the completion
of Care For Life’s recovery program (final). I compare household responses to the two surveys to
analyze changes in standard of living that resulted from the cyclones recovery program. See
Appendix D for the full survey instrument.
The outcome variables I analyze are categorized into three indicators: households who
lost the factor being measured (-1), households who gained (1), or households with no change (0)
after treatment was administered. The distribution of households in each category for each
outcome variable is displayed in the detailed data description in Appendix B.

Empirical Strategy
Difference-in-differences is a method to evaluate the causal effect of a treatment
intervention. In its basic version, a “control group” is untreated at two dates, whereas a
“treatment group” becomes fully treated at the second date. In this case, the treatment and
control groups consist of households in the town of Nazare, near Beira, Mozambique. Surveys
are taken of all participants in both groups shortly following the cyclone but before the treatment
intervention of Care For Life’s program takes place, and then again after the intervention is
complete. This allows me to analyze the change in the treatment group’s key outcome variable
levels compared to the change in the same variable levels for the control group.
Differences-in-differences analysis is effective in establishing the presence of causal
effects.7 It is useful in helping researchers to recognize the changes that communities undergo,
7

Duflo, Esther. “Schooling and Labor Market Consequences of School Construction in Indonesia: Evidence from
an Unusual Policy Experiment.” The American Economic Review- September 2001: 795-813.
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especially when paired with data from surveys taken at several different moments in time. I
employ this simple differences-in-differences estimation to analyze the changes in household
survey data collected in the town of Nazare. It is an appropriate method to use here, given the
large sample size of almost 300 households in Nazare and the availability of surveys taken
immediately before and after the cyclone recovery program intervention.
The differences-in-differences method requires the assumption that the treatment and
control groups had parallel trends before the intervention began. I do not have access to
household data from multiple periods before the intervention, so I cannot overtly establish
parallel trends between the two groups. Instead, I test for observable differences in the treatment
and control groups to demonstrate that there is no reason that the two groups would be
systematically different. Table 1 displays the power that being assigned treatment or control has
in predicting several descriptive variables. Only the head of the household being widowed, their
age, and the number of children in the household are at all related to being assigned treatment or
control, showing that the two groups have generally very balanced covariates and were
successfully randomized.
In addition, the double-debiased machine learning process (more fully described in
Appendix C) involves a regression of the treatment indicator on the covariates. For each of the
key outcome variables, this regression generates a negative coefficient, meaning that the
covariates most relevant to the outcome are not at all related to whether or not a household
received treatment. These negative coefficients further support my assumption that the treatment
and control groups are not substantively different before, during, or after Care For Life’s
intervention.
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Table 1- Balanced Covariates at Baseline
Treatment

Control

Difference

2.538

2.57

0.0316
(0.075)

2.1176

2.657

0.53976
(0.42)

0.31372

0.0818

-0.2319***
(0.052148)

0.93396

0.94642

0.0124663
(0.0322)

0.89622

0.89189

-0.0043345
(0.0419972)

0.1886792

0.214

0.0256
(0.0546)

.15

.09

-.0609
(.044)

45.26

38.3

-6.95***
(1.916)

2.97

2.5

-.472**
(.235)

.245

.346

-.1
(.0625)

Panel A. Meals
Numbers of daily meals households can afford
Panel B. Adults
Number of adults in household
Panel C. Widowed
Head of household is widowed
Panel D. Water
Household with running water
Panel E. Latrine
Household with a latrine
Panel F. Garden
Household has a garden
Panel G. Sick
Someone in household is sick
Panel H. Age
Age of head of house
Panel I. Children
Number of children in household
Panel J. Working
Whether or not someone is working in
household
*** p<.01 ** p<.05 * p<.1
(Robust standard errors in parentheses)
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My differences-in-differences OLS estimating equation is:
!!" = # + %&'()&! + *+,-&" + .## (&'()&! × +,-&" ) + 2!"
where !!" is the outcome for household h in time t, &'()&! is a dummy for the treatment
households and controls for fixed differences between the units being treated; +,-&" is a dummy
for the post-treatment period which controls for the fact that conditions change over time for all
households, whether they are treated or not; the interaction term &'()&! × +,-&" gives the
coefficient showing the causal effect. This equation is repeated for each of the five outcome
variables: serious sickness in the household, presence of an improved latrine, meals per day,
availability of a vegetable garden, and business creation. For each of the key outcome variables I
compute three iterations of this regression: including selected covariates, without any covariates,
and including all available covariates.
Data are collected at the household level and all households are in the same village, so I
do not include village fixed effects in either OLS regression. Similarly, each survey is completed
within a period of two weeks, so I do not include month or year fixed effects.

Results
I explain the results of the differences-in-differences analysis for each of my outcome
variables: serious sickness, garden ownership, improved latrines, meals per day, and business
ownership. The following table displays the relevant coefficients for the OLS regression with
controls.
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Table 2- Results of Regression Analysis

OLS 3

OLS 1

OLS 2

OLS 3

OLS 1

OLS 2

OLS 3

OLS 1

OLS 2

(.111)

.1198

OLS 3

Business Ownership

OLS 2

(.088)

.06403

Improved Latrine

OLS 1

(.093)

.08388

Meals Per Day

OLS 3

(.059)

-.0227

Garden Ownership

OLS 2

(.055)

-.02122

Serious Sickness
OLS 1

(.048)

.4500

-.0191

(.385)

.0391

(.063)

(.083)

(.307)

1.0752*** .1429**

(.114)

(.296)

-.1191

(.039)

(.072)

(.145)

-.0332

(.416)

.230

(.077)

.0625

.003

.052

.1459*

(.079)

.140

-.003

(.070)

(.218)

2.1954***

.420

.081

.1277*

.4500

.001

.317

.1023

(.385)

.390

-.004

(.067)

(.049)

.0893*

.731

.357

(.069)

.2483

.005

.683

-.0505

(.203)

.675

.000

(.070)

.4114

.391

.657

-.0551

(.345)
.015

.281

(.070)

.0268

.260
.011

-.0687

(.049)
.511
.220

Difference
in
Differences
Estimate

(.211)

-.2533

.003
.423

.3557

.201
-.002

2.6012*** .3415*** .1250***

R2
.158

Constant

Adjusted R2

OLS 1 includes the relevant covariates meals per day, number of adults in household, number of children in household, age of head of household, and indicators for
having a widowed head of household, running water, an improved latrine, a garden, a seriously sick person, and someone with a job.
OLS 2 includes only the treatment indicator with no covariates.
OLS 3 includes all available covariates in the data set in addition to the treatment indicator.
*** p<.01 ** p<.05 * p<.1
(Robust standard errors in parentheses)
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The results of the regression analysis above show that, though all of the coefficients
showing the effect of treatment on serious sickness are negative, none of them are statistically
significant. This means that the treatment and control groups saw roughly the same change in the
number of households with a seriously sick person over the period of the surveys and I cannot
say with certainty that Care For Life’s treatment had any distinct effect. This could be caused by
an ineffective intervention, or it could be caused by an effective intervention with significant
spillover effects. These potential spillovers are further explained in the context of garden
creation.
As displayed in the table above, my regression analysis calculates much larger coefficients for
the effect of treatment on garden creation than for the other key outcome variables. However, the
regression that includes selected relevant covariates (OLS 1) shows that the treatment coefficient is not
statistically significant. OLS 2 and 3 show a significant effect of treatment, but OLS 2 does not include
the covariates necessary to account for attrition and OLS 3 involves a very large number of covariates.
I treat OLS 1 as the most reliable calculation of the effect of treatment on households having access to
a vegetable garden.
A discussion of spillover effects of the treatment is relevant here. There is a small, but
statistically significant number of households who never had a garden before the cyclone nor before
the intervention began, but had started a garden by the time the intervention was over. The households
in this situation who were randomly assigned to be in the control group do not receive their own tools
or seeds. However, spillover effects such as being lent tools when not in use by neighbors in the
treatment group, being given extra seeds not being used by households in the treatment group, or
simply seeing the benefits that treatment group households reap from having gardens may have
influenced these households to want to start a garden. I do not measure spillovers here because I
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cannot infer if these households would or would not have built gardens, absent treatment. There may
be spillover effects present for other outcome variables as well, but they are most obvious and
intuitively interpreted in the context of garden ownership.
The regression results above similarly indicate no statistically significant effect of
treatment on the number of meals a household can afford to eat per day. Given the low level of
significance, I cannot determine the effects of including covariates with any precision.
The number of households with improved latrines also shows no statistically significant change
due to treatment. All three coefficients are negative meaning that any potential effect was likely a
decrease in the number of latrines, which is odd given that Care For Life records building them. In a
close reading of the survey instrument, I found that the question asking if a family has an improved
latrine was clear in English but was translated into Portuguese using ambiguous language. Surveyors
may have verbally clarified the question for respondents, resulting in different interpretations of the
question. This could potentially have caused the data to record a ‘decrease’ in the number of improved
latrines that did not actually take place.
The regression results above demonstrate no statistically significant change from treatment in
the number of households with a business. The coefficients also vary based on the inclusion of
covariates, showing that business creation is likely related to the covariates I include in the regression
analysis.
These results indicate that the effect of Care For Life’s intervention on the treatment group was
not different in any statistically significant way from the effect on the control group. Therefore, the
intervention either had no measurable effect or had an effect that included significant spillovers into
the control group.
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Robustness Checks
There is a concern with systematic attrition in that there are many more attritting
households who are assigned to the control group than the treatment group. A total of 60
households attrit from the overall sample, 21 of which are assigned treatment, 39 of which are
assigned control. This imbalance is cause for concern about the comparability of the treatment
and control groups since I do find some systematic attrition from the control group. Table 3
shows the population means of several explanatory variables for the full sample, for attriters, and
for those who completed the study. There are interesting differences in means between attriters
and completers for rates of sickness, garden ownership, widowhood, and age. All of these four
characteristics are included in the list of relevant covariates in my regression analysis. This
means that the effects of attrition are accounted for in the estimates calculated with controls,
referred to as OLS 1 and OLS 3 above.
The households that complete the study are more likely to have a sick person, causing an
upward bias in the rate of sickness in the sample. Treatment does not significantly decrease the
number of sick people in a household, but this may be because of the upward bias due to
attrition. Similarly, households who complete the study are more likely to have a garden, causing
an upward bias in the rate of garden ownership. Treatment does not significantly increase the
number of households with gardens, a conclusion that is reinforced by the upward bias of
attrition. Those who complete the study are more likely to have a head of household who is
widowed, again causing an upward bias in the rate of widows in the sample. Lastly, the
households that complete the study have older heads of households than those who do not
complete the study, causing an upward bias in the age of the heads of households included in the
sample at endline. These four characteristics show some systematic differences between the

13
households that complete or drop out of the study but are accounted for as covariates in the
regression analysis.

14
Table 3- Comparison of Means
Full Sample Mean

Mean for Completing
Households

Mean for Attritting
Households

.1864

.2156

.08196

(.3901)

(.4122)

(.2766)

.6906

.6959

.6721

(.4631)

(.4611)

(.4733)

2.5424

2.5545

2.5

(.5349)

(.5439)

(.5042)

.1864

.2018

.1311

(.3901)

(.4023)

(.3404)

2.3234

2.3952

2.0678

(2.7460)

(3.0468)

(1.1427)

.1801

.1934

.1333

(.3850)

(.3959)

(.3428)

.9462

.9404

.9672

(.22595)

(.2374)

(.796)

40.6774

41.69266

37.0492

(13.9816)

(14.53154)

(11.1765)

2.6702

2.7293

2.4590

(1.7379)

(1.7427)

(1.7182)

.2956

.29577

.2951

(.4571)

(.45746)

(.45986)

Panel A. Sick
Someone in the household is sick

Panel B. Improved latrine
Household has an improved latrine

Panel C. Meals
Number of meals per day

Panel D. Garden
Household has a garden

Panel B. Adults
Number of adults in households

Panel C. Widowed
Number of widowed adults

Panel D. Water
Households with running water

Panel H. Age
Age of head of house

Panel I. Children
Number of children in household

Panel J. Working
Someone in household has a job

(Standard deviation in parentheses)
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The double-debiased machine learning process detailed in Appendix C is helpful in
determining the predictive power that the covariates have on determining treatment. For each of
the key outcome variables, the regression of the treatment indicator on the covariates generates a
negative coefficient. This means that the covariates most relevant to the outcome are not at all
related to whether or not a household received treatment. These negative coefficients further
support my assumption that the treatment and control groups are not substantively different
before, during, or after Care For Life’s intervention.

Conclusion
I find that the effect of Care For Life’s intervention on the key outcome variables did not
significantly differ between the treatment group and the control group. My results indicate that
the intervention either had no measurable effect or had an effect that included significant
spillovers from the treatment group into the control group.
Spillover effects could explain the lack of statistically significant differences between
treatment and control groups after Care For Life’s intervention was complete. Though Care For
Life only gave tools, mosquito nets, and other items to treatment households, they could have
been lent to control households when not in use. Similarly, control households may have seen the
benefits that treatment group households reap from having businesses, gardens, or simply from
the use of soap or mosquito nets and then decided to begin doing these things of their own
accord. I do not measure spillovers because, based on the treatment design, I cannot infer if
control households would or would not have changed their behavior in the absence of neighbors’
treatment.
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Though I calculated the treatment effect using three different sets of covariates for each
key outcome variable, there is hardly any difference between them. Most coefficients remain
very similar and are not statistically significant regardless of which covariates were included. It
is important to include the covariates in order to account for potentially harmful attrition, but
beyond that, the inclusion of covariates does not have a large effect on the magnitude or
significance of the coefficients.
The double-debiased machine learning process establishes that treatment is unrelated to
the relevant covariates. This obliquely verifies Care For Life’s randomization process by
demonstrating that households were not more likely to be assigned treatment or control based on
their measurable attributes.
My research question is important because it helps researchers understand the workings
of disaster relief efforts. This knowledge can save lives and improve the standard of living for
people around the world after natural disasters such as cyclones. My data do not show the
changes that Care For Life’s intervention may have caused, which are potentially masked by
spillover effects. Other non-profit organizations and researchers can learn from this in order to
isolate spillover effects and determine the true effect of treatment.
I find many interesting relationships among the variables supplied by the household
survey data taken in Nazare after the cyclones. Care For Life’s cyclone recovery program is
informative for similar non-profits who want to improve their interventions and research designs.
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Appendix A: Mozambique Before and After Cyclone Damage

Mozambique is a country in southeastern Africa, sharing borders with South Africa,
Eswatini, Zimbabwe, Zambia, Malawi, and Tanzania. The population of Mozambique is about
30.1 million (as of July 2020).8 It is a young and quickly growing nation with a growth rate of
2.62% in the year 2020. 65.46% of the population is under the age of 25. The median age for
men is 16.3 years and for women, it is 17.6 years. The birth rate is currently 38.03 births/1,000
people while the death rate is only 10.59 deaths/1,000 people, meaning that the population is
likely to continue to grow very quickly and that health conditions common to children and young
adults are particularly important to address in Mozambique.9
Mozambique was a colony of Portugal until 1975 when Portugal withdrew relatively
suddenly, leaving Mozambique one of the poorest countries in the world. A 16-year civil war
ensued and was resolved in 1992, allowing Mozambique’s economy to quickly progress. In the
last two decades, Mozambique’s economy has become more stable and exponentially more
productive as reforms have been implemented. The GDP per capita (PPP adjusted) is $1,300 and
is based mainly on the use of the natural resources in Mozambique, such as coal, titanium,
natural gas, hydropower, tantalum, and graphite. However, the vast majority of land in
Mozambique is used to pasture livestock (49.6%) or left as uncultivated forest (43.7%).10
Agriculture in Mozambique is primarily small-scale household vegetable gardens, the main crops

8

CIA—The World Factbook. (2021). Mozambique: Economy: Overview.
https://www.cia.gov/library/publications/the-world-factbook/geos/mz.html
9
World Bank. (2016). Accelerating poverty reduction in Mozambique: Challenges and opportunities.
http://www.worldbank.org/en/country/mozambique/publication/accelerat
ing-poverty-reduction-in-mozambique-challenges-and-opportunities
10
Country Profile: Mozambique. (2018). Retrieved March 06, 2021, from
https://databank.worldbank.org/views/reports/reportwidget.aspx?Report_Name=CountryProfile&amp;Id=b450fd57
&amp;tbar=y&amp;dd=y&amp;inf=n&amp;zm=n&amp;country=MOZ.
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of which are rice, maize, sorghum, legumes, and cassava.11 Mozambique has strong import and
export relationships with India, South Africa, the Netherlands, China, and several Arab nations.
The cyclones of early 2019 were uniquely damaging for Mozambique, making this study
especially critical. These cyclones both spent unusually long periods of time over land where
they caused significant damage to people and their livelihoods.12 2.5 million people were
affected by the cyclone, floods, and subsequent drought; 1.3 million of whom were children.
Because of lack of access to clean water and sanitation, thousands of cholera cases sprang up in
the immediate aftermath of the cyclones and continued to persist; there were still 6,708 cases on
April 27th, 2 days after cyclone Kenneth died out. On the same date several weeks after the
cyclones made landfall there were still 23,650 people displaced and living in temporary
accommodation centers. UNICEF and other partners made 27 of these centers available, 25 of
which were in the Sofala province close to where Care For Life works. The cyclones caused
serious damage to Mozambique as a whole, and particularly to the provinces near Care For
Life’s center.
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CIAT; World Bank. 2017. Climate-Smart Agriculture in Mozambique. CSA Country Profiles for Africa Series.
International Center for Tropical Agriculture (CIAT); World Bank. Washington, D.C. 25 p.
12
UNICEF. (2019). Mozambique Humanitarian Situation Report, 1 May 2019. Retrieved from
https://www.unicef.org/documents/mozambique-humanitarian-situation-report-1-may-2019
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Appendix B: Data Description
My research takes place primarily in Nazare, a small village near Beira, Mozambique, a
large city on the central-eastern coast. Data is collected by students at the University of
Mozambique and is analyzed at Brigham Young University (BYU). The households in Nazare
that receive assistance from the cyclone recovery program were randomly selected. I amass
significant household survey data from surveys taken in Nazare.
In entering the villages, the evaluators identify themselves as researchers working for the
Universidade Pedagógica Moçambique. They state that they are gathering public health data and
do not identify the study as having any relationship with Care For Life. Consequently, villagers
are blind to the fact that their responses were associated with the Care For Life program. In an
attempt to also keep the evaluators blind, they are not informed which households are receiving
the Care For Life treatment. I do not participate in any manner in the development or
implementation of the Care For Life program, which I independently evaluate.
My outcome variable serious sickness is categorized mainly into indicators of households
who no longer have a sick person after the intervention (-1), households who gain a sick person
(1), or households who experience no change (0) after treatment was administered (see Figure 2).
The data contains an insignificant number of households that gain two sick people (2) or have
two fewer sick people (-2). I choose this variable to signal physical recovery and quality of life
following the cyclone and recovery program. My analysis seeks to understand if the treatment
(receiving the relief program) has a causal impact on health as measured by the number of
seriously ill people.
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Figure 2- Distribution of Outcome Results (Serious Sickness)

My outcome variable improved latrines is defined by three indicators: households who
lose their improved latrine (-1), households who gain an improved latrine (1), or households with
no change (0) after treatment is administered (see Figure 3). This variable signals recovery of
hygiene as an input to health following the cyclone and recovery program. My analysis seeks to
understand if the treatment (receiving the relief program) has a causal impact on hygiene and
health as measured by the number of households with an improved latrine.
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Figure 3- Distribution of Outcome Results (Improved Latrines)

My outcome variable meals per day is defined mainly by three indicators: households
who feed their children one fewer meal than before the intervention (-1), households who feed
their children one more meal than before (1), or households with no change (0) after treatment is
administered (see Figure 4). The data contains an insignificant number of households that gained
two meals (2) or had two fewer meals (-2). This variable signals recovery of food security as an
input to health following the recovery program. My analysis seeks to understand if the treatment
(receiving the relief program) has a causal impact on food security and health as measured by the
number of meals per day.
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Figure 4- Distribution of Outcome Results (Meals Per Day)

My outcome variable garden ownership is similarly categorized into three indicators:
households who lose a garden (-1), households who gain a garden (1), or households with no
change (0) after treatment is administered (see Figure 5). This variable signals recovery of food
security as well as economic resiliency following the cyclone and recovery program. My analysis
seeks to understand if the treatment (receiving the relief program) has a causal impact on food
security and economic resilience from household production as measured by the number of
households with a garden.
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Figure 5- Distribution of Outcome Results (Garden Ownership)

My outcome variable business creation is categorized into three different indicators:
households who lose a business (-1), households who create a new business (1), or households
who experience no change in their business ownership status (0), all measured after treatment is
administered (see Figure 6). I choose this variable as my outcome to potentially signal economic
recovery following the cyclone and subsequent recovery program, and my analysis seeks to
better understand if the treatment (receiving the relief program) has a causal impact on the
economic recovery through measurement of business creation.
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Figure 6- Distribution of Outcome Results (Business Creation)
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Appendix C: Machine Learning for Covariate Selection
My data set contains more than one hundred explanatory variables which could
potentially be included as covariates in my OLS regression. For the main body of this paper, I
choose covariates based on my best judgment of which are relevant to treatment (listed in Table
1). To reinforce my covariate selection decisions I compare double-debiased machine learning
(random forest) and post-double selection LASSO to the results of my differences-in-differences
regression.
After completing my differences-in-differences analysis for each of my key outcome
variables, I use a double-debiased machine learning process to implement a random forest
computation. I cross-validate both the treatment and the outcome in order to choose the most
relevant covariates. I then split the data into five subsamples in each of which I regress my
outcome on the training folds, then the treatment on the training folds, and then the residuals
from these two regressions on each other. These residuals are rendered visually below. The
average of the coefficients computed in each of these subsamples constitutes the treatment
coefficient.
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Table 4- DDML Cross-Validation Results
Sickness
Y: Best max
covariates

Latrine

Meals

Garden

Business

log2

auto

auto

auto

auto

Y: Best max depth

6

15

20

5

20

Y: Best min
samples

3

3

3

3

3

D: Best max
covariates

auto

auto

auto

auto

auto

D: Best max
depth

5

8

5

6

6

D: Best min
samples

2

1

2

3

1

Average Y Score

0.539

0.749

0.88

0.676

0.637

Average D Score

-1.262

-1.745

-0.569

-0.708

-0.672

0.05

0.018

0.007

0.018

0.033

2

Average R

Post-double selection LASSO allows for a more flexible functional form, so I begin by
creating polynomial covariates that I include in the vector of possible covariates for the model to
choose from. I then standardize all of the covariates and cross-validate the model so that it can
choose which of them are relevant to the relationship between treatment and outcome. Finally, I
regress the treatment on the outcome and include the union of the covariates that the model did
not discard.
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Table 5- PDSL Cross-Validation Results
Sickness

Latrine

Meals

Garden

Business

Y: Best alpha

.0565295

.0520845

.0438494 .0613208

.0971163

D: Best alpha

.0251034

.0251034

.0251034 .0251034

.0266006

Y Score

.4707957

.3539099

.7427523 .2742681

.0969666

D Score

.4919107

.4919107

.4919107 .4919107

.5316049

R2

.6574680

.4994506

.8305442 .4098318

.3761803

The DDML process involves assessing the relationship between the treatment indicator
and the covariates included in the model. I assess this relationship by testing how well the
covariates can predict treatment status in the test data. For all of my outcome variables, these test
data scores are negative, meaning that the covariates have no predictive power over the treatment
status of a household and are essentially irrelevant. This is a solid defense of the randomization
process that Care For Life implemented and shows that households were not more likely to
receive treatment based on any characteristic identifiable in the data.
Here, I display the coefficients and graphs of residuals for each of the key outcome
variables. They vary significantly from the results of my differences-in-differences OLS
regression in the main body of the paper. Though both DDML Random Forests and PDSL are
very useful for causal inference, they are fine-tuned for use in predictive questions. This means
that they focus more on avoiding overfitting while OLS focuses on eliminating bias. Thus, OLS
likely provides a less biased estimation of my causal question than the estimators produced by
these machine learning techniques.
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Table 6- Machine Learning Results
Regression Effect of Treatment:

DDML Random Forests

PDSL

-0.109

-0.08572789792

0.052

-0.01108273054

0.075

0.006161846717

0.136

0.2164833572

0.193

0.076

Panel A. Sick
Someone in the household is sick
Panel B. Improved latrine
Household has an improved latrine
Panel C. Meals
Number of meals per day
Panel D. Garden
Household has a garden
Panel E. Business
Household has a business
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Figure 7- Regressions of Residuals Across Folds (Serious Sickness)
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Figure 8- Regressions of Residuals Across Folds (Improved Latrines)

33
Figure 9- Regressions of Residuals Across Folds (Meals Per Day)
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Figure 10- Regressions of Residuals Across Folds (Garden Ownership)
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Figure 11- Regressions of Residuals Across Folds (Business Creation)
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Appendix D: Survey Instrument
The survey below is taken by trained students from the Universidade Pedagógica
Moçambique both before and after the intervention. My data set includes households’ responses
to these questions as well as census data and administrative data on business ownership and
garden ownership from the township of Nazare.
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